Construction of a genome-scale metabolic network of the plant pathogen Pectobacterium carotovorum provides new strategies for bactericide discovery  by Wang, Cheng et al.
FEBS Letters 589 (2015) 285–294journal homepage: www.FEBSLetters .orgConstruction of a genome-scale metabolic network of the plant pathogen
Pectobacterium carotovorum provides new strategies for bactericide
discoveryhttp://dx.doi.org/10.1016/j.febslet.2014.12.010
0014-5793/ 2014 Federation of European Biochemical Societies. Published by Elsevier B.V. All rights reserved.
⇑ Corresponding author at: State Key Laboratory of Agricultural Microbiology,
College of Informatics, Huazhong Agricultural University, Wuhan 430070, PR China.
Fax: +86 27 87280877.
E-mail address: llchen@mail.hzau.edu.cn (L.-L. Chen).
1 These two authors contributed equally to this work.Cheng Wang a,b,1, Zhi-Luo Deng b,1, Zhi-Ming Xie b, Xin-Yi Chu b, Ji-Wei Chang a,b, De-Xin Kong a,b,
Bao-Ju Li c, Hong-Yu Zhang b, Ling-Ling Chen a,b,⇑
a State Key Laboratory of Agricultural Microbiology, College of Informatics, Huazhong Agricultural University, Wuhan 430070, PR China
bAgricultural Bioinformatics Key Laboratory of Hubei Province, Center for Bioinformatics, Huazhong Agricultural University, Wuhan 430070, PR China
c Institute of Vegetables and Flowers, Chinese Academy of Agricultural Sciences, Beijing 100081, PR Chinaa r t i c l e i n f o
Article history:
Received 15 September 2014
Revised 10 December 2014
Accepted 12 December 2014
Available online 20 December 2014
Edited by Paul Bertone
Keywords:
Metabolic network
Flux balance analysis
Phenotype microarray
Virtual screening
Pectobacterium carotovorum subsp.
carotovorum PC1a b s t r a c t
We reconstructed the ﬁrst genome-scale metabolic network of the plant pathogen Pectobacterium
carotovorum subsp. carotovorum PC1 based on its genomic sequence, annotation, and physiological
data. Metabolic characteristics were analyzed using ﬂux balance analysis (FBA), and the results were
afterwards validated by phenotype microarray (PM) experiments. The reconstructed genome-scale
metabolic model, iPC1209, contains 2235 reactions, 1113 metabolites and 1209 genes. We identiﬁed
19 potential bactericide targets through a comprehensive in silico gene-deletion study. Next, we per-
formed virtual screening to identify candidate inhibitors for an important potential drug target,
alkaline phosphatase, and experimentally veriﬁed that three lead compounds were able to inhibit
both bacterial cell viability and the activity of alkaline phosphatase in vitro. This study illustrates
a new strategy for the discovery of agricultural bactericides.
 2014 Federation of European Biochemical Societies. Published by Elsevier B.V. All rights reserved.1. Introduction
Pectobacterium carotovorum subsp. carotovorum PC1
(P. carotovorum PC1) is a facultative anaerobic, gram-negative
plant pathogen that can infect the vascular bundle system of many
plants [1]. P. carotovorum PC1 can degrade plant cell walls and
cause soft-rot disease in Brassicaceae, Solanaceae, Asteraceae and
Leguminosae plant families, including many important vegetables
such as potato, cabbage, tomato, pea, spinach and eggplant [2].
There are more than 80 plant hosts of soft rot pathogens in natural
environment [3]. The main virulence factors of Pectobacterium are
pectolytic enzymes secreted through type II secretion system,
which include pectate lyase, pectin lyase and polygalacturonase
[4]. In addition, a range of other degradative enzymes such as
cellulase and protease also play crucial roles in virulence [4,5].
P. carotovorum PC1 is described as an opportunistic pathogenbecause soft-rot disease tends to develop only when host
resistance is impaired, which leads to latent infection and gives
rise to widespread incidence [1]. Although it is highly harmful to
plant hosts, effective bactericide remains lacking up to now. In
recent years, network approaches have been applied to
identify pharmacological targets in human pathogens [6–9]. In
the current analysis, we employed similar network approaches to
identify potential agricultural bactericide targets in P. carotovorum
PC1.
The ﬁrst genome-scale metabolic network was constructed for
Escherichia coli K12 MG1655 [10]. After several updates, the recent
E. coli iJO1366 contains 1366 genes, 1136 unique metabolites and
2251 metabolic reactions, which is the most accurate genome-
scale metabolic network up to now [11]. P. carotovorum and
E. coli both belong to enterobacteriaceae, and share high sequence
similarity, therefore, we constructed the genome-scale metabolic
network of P. carotovorum PC1 based on its genomic annotation
and E. coli metabolic network iJO1366. The ﬁnal obtained
metabolic network, iPC1209, contains 1209 enzymes, 1113 unique
metabolites and 2235 reactions. We further veriﬁed iPC1209 with
OmniLog Phenotype MicroArray (PM) experiments [12] and
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potential agricultural bactericide targets with homologs of known
drug targets in human pathogens were identiﬁed, and then one
important potential target, alkaline phosphatase, was further
screened for lead compounds. Finally, we screened three chemical
lead compounds, which had weak inhibition ability both in bacte-
rial cell and enzyme activity in vitro.
2. Materials and methods
2.1. Biolog PM experiment
The genomic sequence and annotation of P. carotovorum PC1
was downloaded from NCBI GenBank (ID: CP001675, http://
www.ncbi.nlm.nih.gov/genome/1799?project_id=59295). We per-
formed OmniLog PM experiment to analyze the substrate utiliza-
tion in P. carotovorum PC1 [12]. PM experiment is a high
throughput substrate utilization screening method, including 191
sole carbon sources, 95 nitrogen sources, 59 phosphorus sources,
and 35 sulfur sources. All reagents were supplied by Biolog and
operated according to the standard protocol.
2.2. Model construction
Considering that Pectobacterium and E. coli are closely related
members in the family enterobacteriaceae, the genome-scale
metabolic network of P. carotovorum PC1 was constructed based
on its genomic annotation, and started with the core gene data
set in E. coli K12 MG1655 [11]. In order to identify the reactions
and establish the gene-protein-reaction (GPR) associations of
P. carotovorum PC1, the latest version of E. coli K12 MG1655 meta-
bolic model iJO1366 was employed as the template to construct
primary network of Pectobacterium. The ﬁrst step was to compare
protein sequence similarity by using BLASTP [13], therefore, the
homologs between P. carotovorum PC1 and E. coli were obtained
based on bi-directional best hits. Then we ﬁltered the bidirectional
matches with E values <105, sequence identity P35%, and
the alignment coverage P70% of both the query and subject
sequences [14]. After that, we compared the genomic sequence
of P. carotovorum PC1 with other enterobacteriaceae bacteria,
including Klebsiella pneumoniae MGH 78578 [14] and Salmonella
enterica serovar Typhimurium LT2 [15] by using KAAS [16] to obtain
additional genome annotation. These supernumerary reactions had
been charged and balanced before they were appended to the
primary model. In addition, the gene and reaction information
from PubChem [17], BRENDA [18], KEGG [19] and BioCyc [20],
were retrieved and added to the metabolic network. Other
databases such as TransportDB [21] and TCDB [22] were used to
provide additional transport reactions. In order to ﬁnd organism-
speciﬁc features of P. carotovorum PC1 and improve the reliability
of the metabolic network, we surveyed related literatures and
corrected the draft network manually [23,24–26].
2.3. Generation of biomass equation
Accurate biomass objective function (BOF) plays an important
role in metabolic network. As a key element, BOF can directly
inﬂuence growth rate in the simulation of metabolic model.
The biomass equation was generated by deﬁning major and
essential components that make up the cellular biomass content
of cell. Each cellular biomass macromolecule (protein, RNA, DNA,
etc) was divided into building blocks, such as amino acids, fatty
acids and nucleotides [11]. Considering that there is no experi-
mental biomass composition for P. carotovorum PC1, we
employed the core biomass equation from E. coli metabolic
model iJO1366 [11].2.4. Analysis and restoration of network connectivity
After the metabolic model was generated and converted into a
mathematical model, GapFind [27] was employed to ﬁnd out the
produced or consumed metabolites, and then to ﬁll gaps in the
model. In order to improve the reliability of the metabolic model,
we only added reactions that could ﬁll gaps between isolated reac-
tion and the integrated network. The stand-alone reactions or
metabolites and these missing connections in essential metabolic
pathways were identiﬁed with Cytoscape software [28].
2.5. Simulation of metabolic network model
The reconstructed metabolic network was implemented in Mat-
lab using stoichiometric matrix formalism. FBA was performed by
using COBRA Toolbox with glpk solver [29]. Gene essentiality anal-
ysis was performed under glucose minimal medium conditions
(M9 medium) and LB medium with a glucose uptake rate of
8 mmol/gDW/h and an oxygen uptake rate of 18.5 mmol/gDW/h.
If removal of a gene resulted in no ﬂux of the biomass objective
function, it is deﬁned as an essential gene.
2.6. Homology modeling and molecular docking
Homology modeling is a technique for constructing the 3D
structure of the ‘‘target’’ protein from its amino acid sequence
and experimental 3D structure of homologous ‘‘template’’ proteins.
The theoretical foundation of homology modeling is based on a
widely accepted assumption that proteins with closely-related
amino acid sequences tend to have similar 3D structures [30].
Molecular docking is a method used to predict the preferred orien-
tation, binding afﬁnity and spatial conformation of a given mole-
cule which interacts with another molecule to form a stable
complex [31].
2.7. MODELLER, GOLD and Specs compound database
MODELLER is a widely used protein structure modeling tool
[32], which can be applied in a variety of additional tasks, including
de novo modeling of loops in protein structures, optimization of
various protein structure models with respect to a ﬂexibly deﬁned
objective function, the alignment of multiple protein sequences
and structures, etc. EasyModeller is a graphical user interface for
MODELLER [33].
GOLD is an automated ligand docking software, which is usually
used in virtual screening, lead optimization, and identiﬁcation of
preferential binding mode of active molecules [34]. It provides a
wide range of available scoring functions and customizable dock-
ing protocols, and can achieve consistently high performance
across various receptor types.
Specs (http://www.specs.net) is a supplier of screening com-
pounds and research chemicals for drug discovery, which provides
over 160000 screening compounds. In this study, Specs compound
database was served as the library to screen possible inhibitors of
alkaline phosphatase.
2.8. Determination of antibacterial and enzyme activity
The lead compounds were purchased from Specs company and
dissolved in dimethyl sulfoxide. We determined their half maximal
inhibitory concentration (IC50) by broth microdilution [35]. Brieﬂy,
the overnight culture of P. carotovorum PC1 was adjusted to
  106 colony-forming units/ml with MHB (Muller-Hinton Broth).
50 ll P. carotovorum dilution was added to 50 ll leading com-
pound solution in 96-cell microplate, as a result the ﬁnal concen-
tration ranged from 0.5 lg/ml to 256 lg/ml. Optical density
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37 C. We transformed a pET-28(b) plasmid carried alkaline phos-
phatase gene into E. coli BL21. The engineered bacteria was
induced with 0.05 mM isopropyl b-D-1-thiogalactopyranoside
(IPTG) at 18 C for 10 h after the optical density (OD) 600 nm
reached 0.4. Then, the alkaline phosphatase was puriﬁed by Ni–
NTA superﬂow cartridges column (Thermo Fisher Scientiﬁc Inc.)
and desalted by centrifugal ﬁlters (Micon-Ultra-15, Merck Milli-
pore). The alkaline phosphatase (ﬁnal concentration 12.6 lM)
and different concentrations of inhibitor (ﬁnal concentration range
from 40 lM to 640 lM)were mixed in 96-cell plates and incubated
at room temperature for 1.5 h. Then p-nitrophenyl phosphate
(pNPP) solution was added to 1 mM and incubated for 10 min
before termination used 100 ll 10 M NaOH [36]. After reaction ter-
mination, OD405nm was measured with a microplate reader. Both
the reaction and substrate (pNPP) solution were dissolved in dieth-
anolamine (DEA) buffer with pH 9.8, which contained 1 M DEA-
HCl, 1 mM MgCl2 and 20 lM ZnCl2.
3. Results and discussion
3.1. Metabolic network reconstruction for P. carotovorum PC1
In this study, we constructed the ﬁrst genome-scale metabolic
network for P. carotovorum PC1, iPC1209. Considering that P. caro-
tovorum PC1 and E. coli both belong to Enterobacteriaceaewith high
sequence similarity (Fig. 1A), and biochemical data and literature
resource for this plant pathogen is very limited, we reconstructed
the metabolic network of P. carotovorum PC1 based on E. coli K12
MG1655 metabolic model iJO1366 [11]. In total, 974 orthologous0
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Fig. 1. Comparison between P. carotovorum PC1 and E. coli K12 MG1655 and protein func
E. coli K12 MG1655. Red and blue lines represent forward and reverse matches, respective
iPC1209 and E. coli model iJO1366. (C) Proteins in different COG functional categories ingenes were identiﬁed in P. carotovorum PC1 (Suppl. Table 1), corre-
sponding to 1754 reactions. We combined additional annotation
information from KAAS [16] and transport reactions from Trans-
portDB [21] and TCDB [22], and then the iPC1209 model in M9
medium and LB medium, including gene associated reactions and
pathway information were transformed into Systems Biology
Markup Language (SBML) (Suppl. xml ﬁle 1 and 2). If a gene or
reaction is reported in P. carotovorum, it is added into the meta-
bolic network. For instance, a study showed that 3-hydroxy-2-
butanone pathway was required for P. carotovorum pathogenesis
[23], thus we added this pathway in the model because P. carotovo-
rum has 3-hydroxy-2-butanone reductase and acetolactate decar-
boxylase enzymes encoded by butA (PC1_0296) and budA
(PC1_0618) in the genome annotation, whereas these genes are
not annotated in E. coli K12 MG1655. Considering that gaps in
the model can create unconnected regions in the metabolic net-
work, we combined GapFind [27] and CytoHubba (a plugin in Cyto-
scape) [28] with literature and genomic information to ﬁll in the
gaps. The ﬁnal metabolic network iPC1209 contained 1209
enzymes, 1113 unique metabolites and 2235 reactions (Table 1).
Compared with E. coli K12, 247 enzymes were unique to P. caro-
tovorum PC1 (Fig. 1B).
We employed the clusters of orthologous groups of proteins
(COG) [37] to classify the enzyme functions in iPC1209. Currently,
the study of secondary metabolites is very limited, and there are
only ﬁve genes belong to Q category (secondary metabolites bio-
synthesis, transport and catabolism) (Fig. 1C). Except Q, R (general
function prediction only), S (function unknown) categories, pro-
teins in C (energy production and conversion), E (amino acid trans-
port and metabolism), F (nucleotide transport and metabolism),139
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tional categories in iPC1209. (A) Genome alignment between P. carotovorum PC1 and
ly. (B) Venn diagram of homology overlap shared between P. carotovorum PC1 model
iPC1209. (D) Number of reactions in each of the 11 functional categories.
Table 1
Properties of iPC1209.
Properties iPC1209
Genes 1209 (27.5%)a
Reactions 2235b
Metabolic reactions
Cytoplasmic 1250
Periplasmic 185
Extracellular 7
Transport reactions
Cytoplasm to periplasm 450
Periplasm to extracellular 341
Cytoplasm to extracellular 2
Exchange reactions 334
Metabolites 1113c
Cytoplasmic 1020
Periplasmic 446
Extracellular 335
a The percentage in the brackets is calculated based on 4398 annotated genes in
P. carotovorum PC1.
b The number of reactions is the sum of ‘metabolic reactions’ and ‘transport
reactions’.
C The non-redundant number of metabolites in cytoplasmic, periplasmic and
extracellular.
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port and metabolism) and I (lipid transport and metabolism) cate-
gories of the modeling genes constituted the main portion of the
metabolic network iPC1209. In addition, we assorted all the meta-
bolic reactions into eleven functional categories (Fig. 1D), which
gave us a comprehensive view for the gene annotation of iPC1209.
3.2. Model reﬁnement based on qualitative phenotypes
In order to verify the model, we performed a comprehensive
analysis to determine the additional carbon, nitrogen, phosphorus
and sulfur sources that supported the simulated growth of P. caro-
tovorum PC1 in minimal medium by using OmniLog Phenotype
Microarray (PM) technical system. The metabolic model iPC1209
is able to simulate the growth of P. carotovorum PC1 in a variety
of nutrition sources with the biomass objective function. In this
way, 191 carbon sources, 95 nitrogen sources, 59 phosphorus
sources and 35 sulfur sources were tested with the simulation of
P. carotovorum iPC1209 grown in silico in M9 glucose minimal
medium (Suppl. Table 2). Inconsistencies between experimental
data and simulation results help us reﬁne the model. In silico
growth on various substrates were calculated using biomass objec-
tive function and simulated by setting each one as the unique
source with an uptake rate of 5 mmol/g cell/h under aerobic condi-
tions. The simulation was performed by using FBA in Cobra toolbox
[29] and the growth-associated maintenance and non-growth-
associated maintenance costs were taken from the E. coli iJO1366
model [11]. For instance, when simulating carbon source
utilization, we deﬁned ammonia as the unique nitrogen source,Table 2
In silico modeling of growth conditions for P. carotovorum PC1.
Source Compounds with exchange reactions Agreement
E-G
C-G
Carbon 86 49
Nitrogen 64 46
Phosphorus 22 21
Sulfur 12 6
Total 184 122
E, PM experiment; C, in silico computational; G, growth; NG, non-growth.phosphate as the unique phosphorous source, and sulfate as the
unique sulfur source, respectively. In the simulation of nitrogen,
phosphorus and sulfur sources, we deﬁned succinate as the unique
carbon source, because in the standard protocol of OmniLog PM,
succinate was served as the carbon source.
Compared the computational results with PM experiments, 184
compounds were contained in the iPC1209 model, including 86
carbon sources, 64 nitrogen sources, 22 phosphorous sources and
12 sulfur sources (Table 2). Generally, there was 80.4% overall
agreement between PM experiment and iPC1209 model, which
was higher than 76% for iAF1260 (E. coli K12 MG1655) [38], similar
to 85% for iMA945 (S. enterica serovar Typhimurium LT2) [39] and
84% for iYL1228 (K. pneumoniae MGH 78578) [14]. Among these
184 compounds, there are 35 nutrition sources inconsistent
between computational and PM experimental data (Suppl. Table 3).
These disagreements can be classiﬁed into two types and will be
settled with further study about P. carotovorum PC1. The ﬁrst type
is that in silico simulation predicts the utilization of some com-
pounds while PM experiment cannot be detected, indicating that
there are deﬁciencies in the metabolic model. In contrast, the sec-
ond type contains some compounds that can be utilized in PM
experiments, whereas they are not predicted by in silico simula-
tion. This might be caused by lacking transport reactions or meta-
bolic reactions of these compounds. With the accumulation of
biochemical data in P. carotovorum PC1, more reactions can be
added to the metabolic network.
3.3. Metabolic virulence factors in iPC1209 model
Pectobacteria is a genus of plant pathogen that causes soft rot in
a wide range of plant species, and controls the secretion of viru-
lence by quorum sensing through a sophisticated set of regulators
[39]. Quorum sensing is closely related to virulence because it
controls numerous secreted virulence factors such as pectinases,
cellulases and proteases. A signal compound for quorum sensing,
N-acylhomoserine lactone (AHL), has been conﬁrmed to respond
to ﬂuctuation in bacteria and dominate host-pathogen communi-
cation [40], which indicates the production of virulence factors is
positively controlled by AHL, and the inhibition or degradation of
AHL can reduce toxicity to plants. Meanwhile another quorum
sensing system is autoinducer-2 (AI-2) encoded by LuxS gene,
which also plays an important role in P. carotovorum PC1 [41]. LuxS
is able to convert S-ribosylhomocysteine to homocysteine and AI-
2. A LuxSmutant experiment in Erwinia carotovora ssp. carotovora
strain ATTn10 and E. carotovora ssp. atroseptica SCRI1043 proves
that virulence factors such as pectate lyases, cellulase and protease
are all presented in reduced species compared with wild species
[42], indicating that secretion of virulence factors such as pectate
lyase, cellulase and protease is related to luxS protein at least
under the applied conditions. Based on the above facts, we inferred
that P. carotovorum PC1 utilizes both AHL-based and AI-2 depen-
dent signaling quorum sensing systems.Disagreement Agreement rate (%)
E-NG E-NG E-G
C-NG C-G C-NG
20 16 1 80.2
6 1 11 81.3
0 0 1 95.5
0 1 5 50.0
26 18 18 80.4
Table 3
Virulence factors involved in metabolic network of P. carotovorum PC1.
Virulence factors Gene-associated Major metabolic precursors Abbreviation in iPC1209
Lipopolysaccharide
Lipid A LpxA, LpxB, LpxC, LpxD, LpxH, LpxK, LpxL, LpxM, kdsA, KdsB, KdsC,WaaA UDP-N-acetyl-D-glucosamine uacgam
(R)-3-Hydroxytetradecanoyl-ACP 3hmrsACP
Myristoyl-ACP myrsACP
D-Arabinose 5-phosphate ara5p
Phosphoenolpyruvate pep
Core oligosaccharide GmhA, GmhB, GmhC, GmhD, WaaC, WaaF, WaaQ Sedoheptulose 7-phosphate s7p
UDP-glucose udpg
UDP-N-acetyl-D-glucosamine uacgam
dTDP-4-dehydro-6-deoxy-L-mannose dtdp4d6dm
L-Alanine ala_L
Ara4N modiﬁcation Ugd, ArnA, ArnB, ArnC, ArnT UDP-glucose udpg
L-Glutamate glu_L
Undecaprenyl phosphate udcpp
Quorum sensing
AHL CarI, CarR S-Adenosyl-L-methionine amet
Octanoyl-ACP ocACP
Hexanoyl-ACP hexACP
AI-2 LuxS, LuxR S-Ribosyl-L-homocysteine rhcys
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genicity of P. carotovorum PC1 and Erwinia chrysanthemi 3937,
which is another phytopathogenic bacterium causes soft rot dis-
eases in many crops [43]. LPS is a speciﬁc chemical component
in bacterial outer wall layer, which consists of three components,
lipid A, core oligosaccharide, and O-speciﬁc antigen. In addition,
different modiﬁcation pathways of lipid A such as phosphoetha-
nolamine, 4-amino-4-deoxy-L-arabinose (L-Ara4N) and palmitate
also play signiﬁcant roles in bacteria virulence through resistance
to antimicrobial peptides [44]. We analyzed the detailed features
of LPS in P. carotovorum PC1 by integrating all available informa-
tion in E. coli, Salmonella and Klebsiella. Through text mining and
database searching, we checked the major metabolic precursors
for LPS and integrated them into iPC1209. Combined with genome
annotation and the collected LPS information for P. carotovorum
PC1, we reconstructed virulence factor pathways in iPC1209
(Table 3). The virulence-associated genes and the required precur-
sors for synthesis of virulence factors provide a better understand-
ing of this plant pathogen.
3.4. Comparing with other members of Enterobacteriaceae
With the rapid development of system biology and sequencing
technology, more and more metabolic network have beenTable 4
Candidate bactericide targets in P. carotovorum PC1 with homologs in TTD.
Gene Locus Gene Pathway
PC1_0185 metF One carbon pool by folate
PC1_0194 murB Amino sugar metabolism
PC1_0196 coaA Pantothenate and CoA biosynthesis
PC1_0333 plsC* Lipid metabolism
PC1_1081 hemH Porphyrin and chlorophyll metabolism
PC1_1184 nadD Nicotinate and nicotinamide metabolism
PC1_1670 folE Folate biosynthesis
PC1_1898 nadE Nicotinate and nicotinamide metabolism
PC1_2498 tmk Pyrimidine metabolism
PC1_2797 folC* Folate biosynthesis
PC1_3098 mtnN* Cysteine and methionine metabolism
PC1_3410 folB Folate biosynthesis
PC1_3499 alr* D-Alanine metabolism
PC1_3590 ddl Peptidoglycan biosynthesis
PC1_3592 murG* Peptidoglycan biosynthesis
PC1_3775 metH Cysteine and methionine metabolism
PC1_3920 phoA Folate biosynthesis
PC1_3940 asd Amino acid metabolism
PC1_4095 coaD Pantothenate and CoA biosynthesis
* Related to virulence factors.constructed. Up to now, metabolic networks of 45 bacteria, 4
archaea and 20 eukaryotes have been constructed (http://gcrg.
ucsd.edu/InSilicoOrganisms/OtherOrganisms), and lots of meta-
bolic networks are available in commercial databases, such as
Igenbio’s ERGO database (http://www.igenbio.com/). Among them,
E. coli, K. pneumoniae and Salmonella typhimurium belong to
Enterobacteriaceae, so we compared the difference of Biolog
phenotype microarrays in E. coli K12 MG1655, S. typhimurium
LT2, K. pneumoniae MGH 78578 and P. carotovorum PC1. Differ-
ences in metabolic capability of P. carotovorum PC1 and other
Enterobacteriaceae species were summarized in Suppl. Table 4.
The Biolog data showed that there were 176 different substrates
among these four bacteria, in which 17 substrates were uniquely
utilized in P. carotovorum PC1, whereas 16 substrates were utilized
only by other three bacteria (Suppl. Table 4). The difference in
metabolic capacity suggested that different bacteria contained
speciﬁc metabolic genes. For example, PM experiment showed that
P. carotovorum PC1 cannot use D-sorbitol because sorbitol-speciﬁc
enzyme in this bacterium is incomplete. Another case is
glycyl-L-proline, there is no gene encoding proline dipeptidase
and proline aminopeptidase P II in P. carotovorum PC1 genome,
which can explain why it cannot use glycyl-L-proline as the sole
carbon source while other three species can. Similar phenomenon
is observed in L-fucose and L-lactic acid. However, there is alsoEC No. Target name
1.5.1.20 mRNA of Methylenetetrahydrofolate reductase
1.1.1.158 UDP-N-acetylenolpyruvylglucosamine reductase
2.7.1.33 Pantothenate kinase
2.3.1.51 1-acyl-sn-glycerol-3-phosphate acyltransferase beta
4.99.1.1 Ferrochelatase
2.7.7.18 Nicotinate-nucleotide adenylyltransferase
3.5.4.16 GTP cyclohydrolase I
6.3.1.5 NH(3)-dependent NAD(+) synthetase
2.7.4.9 Thymidine monophosphate kinase
6.3.2.17 Folylpolyglutamate synthase
3.2.2.9 MTA/SAH nucleosidase
4.1.2.25 Dihydroneopterin aldolase
5.1.1.1 Alanine racemase, biosynthetic
6.3.2.4 D-alanine-D-alanine ligase
2.4.1.227 Glycosyltransferase
2.1.1.13 5-methyltetrahydrofolate-homocysteine methyltransferase
3.1.3.1 Alkaline phosphatase
1.2.1.11 Aspartate-semialdehyde dehydrogenase
2.7.7.3 Phosphopantetheine adenylyltransferase
5.1.1.1*
6.3.2.4 
1.1.1.158
2.4.1.227*
4.1.2.25 
3.1.3.1 
3.5.4.6 
3.2.2.9*
2.1.1.13 
1.2.1.11 
1.5.1.20 
6.3.2.17*
Biomass
Production
4.99.1.1 
2.7.7.3 
2.7.1.33 
2.7.7.18 
6.3.1.5 
2.3.1.51*
2.7.4.9 
Cell wall synthesis and metabolism 
Amino acid metabolism
Nucleotide metabolism
Amino sugar metabolism 
Lipid metabolism
Pantothenate and CoA biosynthesis 
Folate biosynthesis 
Nicotinate and nicotinamide metabolism 
Porphyrin and chlorophyll metabolism 
Metabolism of cofactors and vitamins
* Associated with virulence
Fig. 2. Essential enzymes in the P. carotovorum PC1 metabolic model.
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results. Because phosphorus and sulfur compounds provided in
PM experiments are too complex to locate to corresponding
enzymes, we only analyze carbon and nitrogen sources. We found
16 inconsistencies between PM experiments and genome annota-
tion (Suppl. Table 4). For example, PM experiment showed that
P. carotovorum PC1 cannot grow with D, L-alanine or D-serine as
the sole carbon source while other three bacteria can. We checked
the genes associated with D-alanine metabolism in the four species,
all of them share genes encoding D-alanyl-D-alanine carboxypepti-
dase, D-alanyl-D-alanine endopeptidase, D-alanine/D-alanine
ligase and D-alanine/D-serine/glycine permease. However, only
P. carotovorum PC1 cannot use it as the sole carbon source, which
may be caused by inaccurate annotation in the genome.Fig. 3. The 3D structure of P. carotovorum PC1 alka3.5. Gene essentiality simulation to ﬁnd candidate drug targets
The products of essential genes control the relevant important
metabolic reaction. If any of the essential genes is knocked out,
the bacteria cannot survive. In this analysis, we identiﬁed potential
bactericide drug targets by recognizing essential genes in the
reconstructed metabolic network through in silico simulation. In
order to ﬁnd potential agricultural bactericide targets, we identi-
ﬁed essential genes in M9 and LB medium by using ﬂux balance
analysis (FBA). M9 is a minimal culture medium for germiculture
with limited nutrition, whereas LB is a rich medium for bacterial
growth with abundant nutrition. Therefore, if a gene is essential
in LB medium, it is very likely to be an essential gene in M9 med-
ium (Suppl. Table 2). In total, we identiﬁed 216 essential genes inline phosphatase modeled by using Modeller.
Fig. 4. The binding model of alkaline phosphatase. (A) The amino acid residues in docking pocket. (B) A ligand binds to the binding pocket of alkaline phosphatase. (C) The
binding mode of alkaline phosphatase and compound 2.
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essential genes in LB medium are included in M9 medium. Poten-
tial targets must share little homolog with their plant hosts and
human beings to guarantee the safety and effectiveness of agricul-
tural bactericides. Among the 152 essential genes in LB medium,
87 have no homologs in human beings and plants such as Solanum
tuberosum and Brassica rapa. Considering that most successful anti-
bacterial drug targets in human and animals have not been applied
for plant pathogens up to now, and many new bactericides are
designed based on successful drug targets [45], we searched poten-
tial drug targets in therapeutic target database (TTD) [46]. Among
the 87 essential genes mentioned above, 19 have homologs in TTD
(Table 4). We classiﬁed the 19 potential targets based on COG cat-
egory and found that almost half of them belong to ‘‘metabolism of
cofactors and vitamins’’ (Fig. 2). Through checking the reactants of
essential genes, we identiﬁed 46 essential genes associated with
virulence factors among the 152 essential genes in LB medium,including LuxS (4.4.1.21) encoding quorum-sensing autoinducer
2 (AI-2). However, only 5 retained in the ﬁnal 19 candidate anti-
bacterial targets (Suppl. Table 5). The candidate targets provide
clues for developing new agricultural bactericides in the future.
3.6. Homology modeling of alkaline phosphatase and screening
inhibitors
Through analyzing essential genes, we obtained 19 potential
bactericide targets in P. carotovorum PC1. Among them, alkaline
phosphatase encoded by phoA gene (EC 3.1.3.1) plays an important
role and is a successful antineoplastic target [47], however, its
potential function as an antibacterial drug target has not been
investigated. The function of alkaline phosphatase is to remove
phosphate groups from various types of molecules, including
nucleotides, proteins and alkaloids [48]. In the current analysis,
we investigated the possibility of alkaline phosphatase as a
Table 5
Three lead compounds with inhibition activity against P. carotovorum PC1.
Compound No. Molecule Molecular weight
1 240.75
2 278.32
3 326.52
292 C. Wang et al. / FEBS Letters 589 (2015) 285–294potential target for developing new antibacterial inhibitors. The
alkaline phosphatase in P. carotovorum PC1 has 581 amino acids
without 3D crystal structure, which has low sequence similarity
and alignment coverage with its plant hosts. Therefore, we con-
structed the 3D structure of alkaline phosphatase in P. carotovorum
PC1 by homology modeling, the pipeline for screening inhibitors
was illustrated in Suppl. Fig. 1.
Firstly, through searching database, three proteins (Suppl.
Fig. 2) which exhibit relatively high homology with P. carotovorum
PC1 alkaline phosphatase were chosen as templates to conduct
homology modeling. These template proteins have about 30%
sequence identity with the target protein. Then, we modeled the
enzyme structure with Modeller [32]. Detailed process includes
the following steps: (1) multiple sequence alignment; (2) build
new model for target sequence based on the alignment against
multiple templates; (3) build the loop; (4) evaluate the new model
coordinates; (5) model optimization. Finally, the model was opti-
mized (include structure optimization and energy minimization)
with Molecular Operating Environment (MOE) [49]. The modeled
3D cartoon structure of alkaline phosphatase was shown in Fig. 3.
Compounds in Specs database are processed with the following
steps: (1) retain the compounds with molecule weights <700 Da
and >70 Da; (2) ﬁlter non-organic molecules; (3) keep the largest
fragment; (4) add hydrogen atoms; (5) partial charges have been
attributed to the atoms according to the method of Gasteiger
[50]. All these steps were implemented by using Pipeline Pilot
[51,52]. Finally, 44596 processed compounds were retained and
constituted the screening compounds library. Subsequently, the
possible active sites of alkaline phosphatase were obtained by
using MOE and inferred from the ligand binding-site of its template
proteins. The amino acid residues of this pocket are LYS41 LYS107
THR108 LYS124 PHE168 LEU199 TYR202 ARG205 SER206 LYS207
GLU378 ALA380 ASP383 LYS384 HIS387 (Fig. 4A). CCDC GOLD suit
[34] was employed to implement the whole protein–ligands dock-
ing process to screen possible high afﬁnity inhibitors with highafﬁnity of alkaline phosphatase. Before we started docking, the
receptor protein structure was processed as follows. (1) delete all
water molecules; (2) protonate; (3) specify the docking pocket.
Then we performed three rounds protein–ligands docking under
different accuracies. During the process of ﬂexible docking, GOLD
searched the compounds’ best conformation which had high afﬁn-
ity interaction with the docking pocket and assessed the interac-
tion in terms of GOLD scoring function. After three rounds of
protein–ligands docking, the best 300 compounds with optimal
GOLD score were selected. Finally, on the basis of GOLD scores
for the 300 selected hits and a ﬁnal visual inspection of the sug-
gested binding modes of the docked protein–ligand complexes,
90 compounds were retained for further bacteriostasis assay.
Fig. 4B and C showed the binding pocket and binding mode of alka-
line phosphatase.
3.7. Bacteriostasis testing and enzyme activity experiment
Finally, through a number of bacteriostatic experiments in vitro,
we obtained 3 leading compoundswhich exhibit signiﬁcant activity
against P. carotovorum PC1 from the above 90 compounds. The three
compounds and their structures were illustrated in Table 5. Bacte-
rial cell inhibition activity of compound 1, 2 and 3 were
65.882 ± 1.653 lg/ml, 42.874 ± 1.875 lg/ml and 63.041 ± 1.745
lg/ml, respectively. In addition, the 3 compounds hadweak enzyme
inhibition activity against alkaline phosphatase (Fig. 5).
4. Conclusion
We reconstruct the genome-scale metabolic network for gram-
negative pathogen P. carotovorum PC1 by combining homologs
from E. coli metabolic model with efﬁcient gene annotation of
P. carotovorum PC1. Considering that metabolic model is the linkage
between genome-derived biochemical information and metabolic
phenotypes, it is usually utilized to predict and analyze growth
Fig. 5. The inhibition activity of alkaline phosphatase.
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pathways and identify drug targets. In this study, we reﬁned the
metabolic network of P. carotovorum PC1 through genome annota-
tion, PM experimental validation, literature mining and manual
curation. The obtained iPC1209 model had 80.4% agreement with
phenotypic microarray experimental data, which can serve as a
platform for understanding P. carotovorum PC1 metabolism and a
model for screening bactericides targets.
Comparing the PM results among four Enterobacters, we found
176 direct phenotype discrepancies. Some divergences are consis-
tent with genome annotation, while others are not, indicating that
there is deﬁciency in the current genomic annotation. After in silico
simulation of gene essentiality, we obtained 152 essential genes in
LBmedium, 46 of themwere associatedwith virulencemetabolism.
Through comparing with TTD database, we identiﬁed 19 potential
agricultural bactericide targets, and then virtual screened potential
inhibitors for an important potential target, alkaline phosphatase.
Bacterial cell experiment and in vitro enzyme activity assays
showed that three lead compounds had weak inhibition activity.
The metabolic model provides us deeper understanding towards
pathogenicity of P. carotovorum PC1. Hopefully, this strategy can
serve as a general method for agricultural bactericide discovery.
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